Abstract In developed countries, specific metabolites have been associated with obesity and metabolic diseases, e.g. type 2 diabetes. It is unknown whether a similar profile persists across populations of African-origin, at increased risk for obesity and related diseases. In a cross-sectional study of normal-weight and obese black women (33.3 ± 6.3 years) from the US (N = 69, 65 % obese), South Africa (SA, N = 97, 49 % obese) and Ghana (N = 82, 33 % obese) serum metabolite profiles were characterized via gas chromatography-time of flight/mass spectrometry. In US and SA women, BMI correlated with branched-chain and aromatic amino acids, as well as dopamine and aminoadipic acid. The relationship between BMI and lipid metabolites differed by site; BMI correlated positively with palmitoleic acid (16:1) in the US; negatively with stearic acid (18:0) in SA, and positively with arachidonic acid (20:4) in Ghana. BMI was also positively associated with sugar-related metabolites in the US; i.e. uric acid, and mannitol, and with glucosamine, glucoronic acid and mannitol in SA. While we identified a common amino acid metabolite profile associated with obesity in black women from the US and SA, we also found sitespecific obesity-related metabolites suggesting that the local environment is a key moderator of obesity.
Introduction
The worldwide prevalence of overweight and obesity has risen substantially in the past three decades, but is influenced by region (Ng et al. 2014) . In developed countries, the obesity prevalence rate over the last 8 years has slowed, while in developing countries, where almost two-thirds of the world's population resides, it continues to increase (Ng et al. 2014) . Obesity is associated with increased risk for non-communicable diseases including diabetes, and cardiovascular disease, and which are greater in populations of African-origin than white populations (Golden et al. 2012) .
Genetic factors alone cannot explain the rapid increases in obesity and associated disease risk in populations of African-origin (Corona et al. 2013) . Rather, obesity is multi-factorial, and involves a complex interaction between genetic, environmental and lifestyle factors. An understanding of this interaction is essential to address the problem of obesity and associated diseases in this high-risk population, and can be explored by measuring changes in intermediary metabolism associated with obesity. This can be achieved by using metabolomics, a comprehensive metabolite profiling approach. Due to its location downstream of the genome, it provides a direct link between biochemical pathways and observed phenotypes (Xie et al. 2012) .
Via the use of metabolomics, independent studies have presented a potential link between key intermediates in lipid, protein and carbohydrate metabolism and obesity, and related metabolic diseases such as type 2 diabetes, cardiovascular disease and certain cancers (Newgard et al. 2009; Wang et al. 2011; Newgard 2012; Xie et al. 2012; Cheng et al. 2012; Moore et al. 2014) . Most of these studies were however undertaken in developed countries, and predominantly focused on white populations. It is currently not known whether a similar metabolite profile will be observed in populations residing in developing countries, whose habitual diet and daily physical activity (PA) levels vary markedly from those in developed countries (Dugas et al. 2011; Luke et al. 2014 ). An obesity-related metabolite profile, common to black populations at different levels of transition might provide an early therapeutic target for populations at an increased risk of obesity-related diseases such as type 2 diabetes.
We are uniquely placed to explore the metabolite profiles associated with obesity in black populations using the Modeling the Epidemiologic Transition Study (METS) cohort, a longitudinal international study examining the relationships between lifestyle factors and obesity, type 2 diabetes and cardiovascular disease risk (Luke et al. 2012) . Therefore, the primary aim of the study was to identify metabolites and/or metabolite profiles associated with obesity in normal-weight and obese black women spanning the epidemiologic transition (Ghana, South Africa and the US). Secondly, we examined whether the metabolite profile associated with obesity was common between countries whose level of transition, and hence lifestyle behaviors (i.e. diet and physical activity) differs.
Materials and methods

Participant selection
Previously, 2500 adults (24-45 years), predominantly of African descent, were enrolled in METS between January 2010 and December 2011 and tested on a yearly basis (Luke et al. 2012 ). For the current study, stored blood samples from 248 normal-weight (BMI \ 25 kg/m 2 ) and obese (BMI C 30 kg/m 2 ) women from three sites, Ghana, South Africa (SA), and US, representing countries spanning the epidemiologic transition, based on the Human Development Index (HDI, (2014) . Ghana's HDI is 0.541 (low middle), SA is 0.619 (middle), and the US index is 0.910 (very high). Participants were included in the current study after the exclusion of overweight women (i.e. BMI C 25 and BMI \ 30 kg/m 2 ) and then matched between sites by using space-filling design in a principal component analysis model calculated from 2010 METS descriptors including, PA, BMI, age and body fat (Thysell et al. 2012) . Due to the lack of normal-weight women in the US cohort and obese women in the Ghanaian cohort, the proportion of normal-weight and obese women in these sites were not equal. 
Body composition, lifestyle and biochemical measurements
All measurements were made at outpatient clinics located in the respective communities. Weight and height were measured and body composition was estimated by bioelectrical impedance analysis (BIA, model 101Q; RJL Systems, Clinton Township, MI). Fat-free mass and fat mass were estimated from measured resistance by using an equation validated against isotope dilution in the METS cohorts (Luke et al. 1997) . Physical activity (PA) and sedentary time was assessed using the Actical accelerometer (Phillips Respironics, Bend, OR, USA). Participant files were included for analysis if they contained four or more valid days, i.e. 10 or more hours of wear time. Sedentary, light, moderate and vigorous activity levels were defined using published cutpoints (Wong et al. 2011 ) and moderate and vigorous activity were summed to create the variable moderate vigorous physical activity (MVPA).
Dietary Intake was estimated using two 24-h recalls (Carriquiry 2003) , at least 7 days apart (Steyn et al. 2011 ). The Nutrient Data System for Research (NDSR; University of Minneapolis, MN, USA) (Carriquiry 2003 ) was used to calculate total energy intake and macronutrient composition (i.e., % kJ from fat, carbohydrate and protein).
Participants were requested to fast from 8 pm in the evening prior to the clinic examination, during which fasting capillary glucose concentrations were determined using finger stick (Accu-check Aviva, Roche). In addition, blood samples were drawn for the subsequent analysis of serum lipids (total cholesterol, HDL-cholesterol and triglycerides), high sensitivity c-reactive protein (hsCRP) and metabolites. Serum total cholesterol, HDL-cholesterol and triglycerides were measured by enzymatic colorimetric assays using a Hitachi 917 instrument (Roche, IN, USA). LDL-cholesterol was calculated using the Friedewald equation (Friedewald et al. 1972 ).
Metabolomics analysis
A run order design was constructed to minimize bias from sample preparation and analysis when comparing samples between sites and BMI groups (Jonsson et al. 2015) . The samples were analyzed using gas chromatography-time of flight/mass spectrometry (GC-TOF/MS). Prior to GC-TOF/ MS analysis, a MeOH-H 2 O extraction followed by a twostep derivatization procedure of serum metabolites was performed (A et al. 2005) . The samples were then injected in splitless mode by a CTC Combi Pal autosampler (CTC Analytics AG, Zwingen, Switzerland)) into an Agilent 6890 gas chromatograph equipped with a 10 m 9 0.18 mm i.d. fused silica capillary column with a chemically bonded 0.18 lm DB 5-MS stationary phase (J&W Scientific, Folsom, CA). The column effluent was introduced into the ion source of a Pegasus III time-of-flight mass spectrometer, GC-TOF/MS (Leco Corp., St Joseph, MI). To monitor instrument specificity and sensitivity, quality control (QC) samples, i.e. a pool of all included samples, were analyzed at start, end and after every 10 th analyzed sample.
Metabolite identification
In total, 248 plasma samples were metabolically characterized using GC-TOF/MS, from which four were excluded due to low analytical quality. Thus, 244 samples were processed using hierarchical multivariate curve resolution (HMCR) with target processing using in-house spectral library. In total, 108 identified metabolites were considered robust (RSD \ 40) and thus included in further multivariate modeling together with relevant clinical, anthropometric and PA variables.
All resolved mass spectral profiles were subjected to spectral database search in NIST MS-Search v. 2.0.38. Match values ranking the spectra were calculated using the dot product of the two spectra (i.e. the resolved spectrum and the database spectrum), with higher m/z peaks having more weight than lower m/z peaks, since higher m/z values are considered to be more compound-specific. The match values range from 0 to 999, where 999 indicates an identical match. Positive identification was confirmed by combining match values with the retention time index, calculated from the analytically characterized alkane series (C10-C40). Only metabolites identified with high certainty and with relative standards deviation, based on QC samples, (RSD) \ 40 were included in further multivariate modeling.
Data treatment
Hierarchical multivariate curve resolution (HMCR) ) was used to resolve overlapping metabolites/compounds that where not separated in the chromatographic step. All samples were processed simultaneously except the analytical replicates, which were predicted into the existing HMCR model (Jonsson et al. 2006) . To remove instrumental drift and concentration variation, the resolved data were normalized by means of 12 added internal standards eluting over the whole chromatographic range consisted of: ]-salicylic acid was purchased from Icon (Summit, NJ); and NMethyl-N-trimethylsilyltrifluoroacetamide (MSTFA), 1 % trimethylchlorosilane (TMCS) and pyridine (silylation grade) were purchased from Pierce Chemical Co. Stock solutions of the reference compounds and IS were prepared either in Milli-Q water or methanol at the same concentration, 0.5 lg lL -1 . First the area under the chromatographic peak for each internal standard was calculated using non-noisy and unique mass-channels. Secondly, to include the weight from all internal standards, a principal component (PC) was calculated based on the chromatographic peak areas from all internal-standards (all variables were scaled to unit-variance, non-centered). Finally, the calculated PC score value, which in this case is comparable to the sample mean, was used to normalize the resolved data by dividing each sample with the corresponding score value (Redestig et al. 2009 ).
Statistical analysis
Data are presented as mean ± standard deviation, or percentage. Differences between sites were compared using ANOVA, with Bonferroni posthoc analysis. For the multivariate analysis, initial inspections of the data sets were carried out by principal components analysis (PCA) to detect groupings, outliers and trends within each site.
Further sample comparison modeling were performed by using multivariate regression analysis by means of orthogonal partial least squares (OPLS), to elucidate BMIrelated metabolic patterns among circulating metabolites and relevant clinical, anthropometric and PA variables. Notably, the axis values on included OPLS figure are OPLS correlations and cannot be interpreted as for example, Pearsons correlations coefficients. Since they are latent variables, the actual value can only be compared within each model, and not between different models. Therefore, we have combined the highlighted OPLS profile with univariate correlation values in plot and table.
Since we did not have a balanced set of normal-weight and obese individuals in US and Ghana we used a continuous response, i.e. the BMI, instead of comparing normal-weight to obese. Thus, we circumvent the problem of an unbalanced multivariate model. To validate the obtained OPLS models, p-values were calculated for the differences between the predefined classes. These p-values were calculated using ANOVA based on the cross validated OPLS scores (CV-ANOVA), only models with p \ 0.05 was considered significant. Variables important to the multivariate model projection (VIP), reflects the relative importance of each metabolite to explain the response. A variable was considered significant if it had either a VIP value [1, i.e. the most relevant variables for explaining the response, and/or significant p value (two tailed, paired Student's t-test). A 95 % significance level was applied to all significance tests, i.e. p-values from univariate t-tests as well as CV-ANOVAs and the jack-knifing based confidence intervals (Efron and Gong 1983 ) from OPLS models. Table 1 presents the demographic, anthropometric and biochemical characteristics of the entire cohort, by site and BMI category (i.e. normal-weight vs. obese). The mean age of all the women was 33.3 ± 6.3 years. SA women were younger than the other sites, and the obese US women were older than their normal-weight counterparts. US women had the most number of years of education, followed by SA and then Ghanaians. The majority of women from SA and Ghana performed manual labor, compared to only a third of US women. Forty percent of SA women used hormonal contraceptives compared to only 14 % of Ghanaians and 9 % of US.
Results
Subject characteristics
The mean BMI of the normal-weight women was similar across sites, while the mean BMI of the obese women was higher in the US compared to the Ghanaian women. Among normal-weight participants, SA women had the least fat-free mass, and the highest % body fat. Among the obese participants, US women had the greatest fat-free mass, and waist circumference, while Ghanaians had the lowest % body fat.
The fasted capillary glucose concentrations were highest in Ghana and lowest in SA, the only country in which differences between normal-weight and obese women were observed. Total cholesterol, LDL-cholesterol and triglycerides were similar across all sites among the normalweight participants. Obese SA women had significantly lower triglycerides concentrations, while HDL-cholesterol concentrations were higher in obese US compared to obese SA and Ghanaian women (p \ 0.01 for both). Serum hsCRP concentrations did not differ between normalweight US and Ghanaian women, and increased similarly with obesity in both sites, while in normal-weight SA women, hsCRP was higher than US and Ghanaian women and did not increase with obesity.
PA and dietary data by site and BMI group are presented in Table 2 . Overall MVPA was greatest among the Ghanaians and lowest among the US women, driven by extremely low MVPA levels among the obese US women. Conversely, sedentary time was greatest among both the normal-weight and obese SA women.
Normal-weight and obese US women reported the highest energy intake, followed by Ghanaian women and then SA women. When expressed relative to total energy intake, protein intake did not differ between US and SA women, but was significantly lower among Ghanaians. US women consumed less carbohydrate, but more total fat, including saturated, monounsaturated and polyunsaturated fat, than their SA and Ghanaian counterparts. Within sites, macronutrient composition did not differ significantly by BMI group.
Metabolomics
Based on PCA analysis of each site separately, in combination with manual inspection of each crude and resolved spectrum, no significant outlier or clusters were detected among the plasma metabolite profiles. In addition, we could not detect any significant outliers among the QC samples via PCA, calculated from metabolites included in further analysis, i.e. RSD \ 40 ( Figure S1) .
A complete list of all variables included in the multivariate analyses is listed in Supplementary Table 1, together with related statistics.
We detected significant site-specific OPLS models (p \ 0.05) that described BMI-related metabolite profiles (Fig. 1) , i.e. using BMI as the response. All BMI-related OPLS model included two component one predictive and one orthogonal. All calculated models had a predictive ability [76 %, i.e. Q2 based on cross-validation, and explained [22 % of all variation among the variables and [84 % of the response variation, i.e. R2X and R2Y respectively.
In the US, we detected significantly higher levels of circulating uric acid, dopamine and tyrosine, gamma-tocopherol, palmitoleic acid (MUFA 16:1), cysteine and mannitol in women with a high BMI. In the OPLS model, these parameters were highly correlated with high adiposity (i.e. fat mass and waist circumference) and elevated serum lipids (e.g. total-/HDL-cholesterol ratio and triglycerides), and low levels of MVPA (Fig. 1b) .
In SA, a high BMI was predominantly related to higher levels of amino acids, such as tyrosine, valine, norvaline, aminoadipic acid, and circulating sugars, such as glucose, glucosamine and glucuronic acid, but lower 3-hydroxybutyric acid, stearic acid (SFA, 18:0), 1,5-anhydroglucitol, phydroxyphenylacetic acid, glycerophosphocholine and ribitol. In addition, a high BMI was associated with lower HDL-cholesterol concentrations. Unlike the US, we did not observe any correlation between this BMI-related metabolite profile and MVPA in the SA women (Fig. 1d) .
In Ghana, measures of total body fatness, including %body fat and waist circumference, and serum lipids (total-HDL-and LDL-cholesterol and triglycerides) were included in the OPLS model. The only circulating metabolite that correlated with BMI in Ghanaian women was arachidonic acid (n -6 PUFA) (Fig. 1f) .
Discussion
The main finding from our study was that we identified a common amino acid profile associated with obesity in black women from the US and SA, which was not detected Glucose (mmol/l) 5.5 ± 3.2 5.4 ± 0. CRP (nmol/l) 3.8 ± 7.6 8.1 ± 7.5 7.5 ± 14.3 7.9 ± 7.3 3.8 ± 10.8 8.4 ± 20.6
Values are mean ± SD. NW normal-weight, BMI body mass index, WHR waist/hip ratio, SBP systolic blood pressure, SBP diastolic blood pressure, HDL-C high density lipoprotein cholesterol, LDL-C low-density lipoprotein cholesterol, CRP in Ghanaian women who had a lower HDI, with lower dietary protein and fat intakes, and higher levels of physical activity compared to the US and SA women. Other site-specific metabolites associated with obesity included intermediates in lipid and carbohydrate metabolism, which largely reflected the populations' habitual diet Previous studies undertaken in developed countries have shown that the component that discriminated most between lean and obese participants included a combination of branched-chain amino acids (BCAA) and aromatic amino acids (AA) (Newgard 2012; Kim et al. 2010; Cheng et al. 2012; Moore et al. 2014) . In support of these findings, we showed that in the US and SA women, BMI correlated with tyrosine, an AA, and valine, a BCAA, and its isomer norvaline. In addition, dopamine, which is synthesized from the AAs, phenyalanine and tyrosine, was also associated with obesity in the US women. An elevated BCAA and AA profile in obese individuals has previously been associated with a Westernized diet, typically characterized by high levels of protein and fat intake (Newgard et al. 2009; Bouchard-Mercier et al. 2014) . Ghanaian women, consumed significantly less protein and fat than their US and SA counterparts, which could partly account for their lower AA levels. Moreover, there were fewer obese Ghanaian women, and their mean body fat was lower than both their US and SA counterparts (Table 1) . While we did not measure insulin sensitivity in this study, it might be suggested that the Ghanaian women were less insulin resistant than the US and SA women. Previous research suggests that elevated BCAA concentrations, in the context of a high fat diet, are closely associated with insulin resistance (Newgard et al. 2009; Cheng et al. 2012) . Newgard et al. (2009) , after stratifying participants by adiposity, showed that the association between the BCAArelated metabolite component and insulin resistance remained in the obese individuals, but not the normalweight individuals. Taken together, these findings confirm the association between BCAA and AAs with obesity in populations further along the epidemiologic transition, and typically characterized by a higher prevalence of obesity and greater protein and fat intakes.
Within the SA cohort, we found a strong association between BMI and aminoadipic acid, a metabolite of the essential amino acid lysine. Wang et al. (Wang et al. 2013) recently showed that 2-aminoadipic acid was strongly associated with future diabetes risk in two large independent cohorts as it augments insulin secretion, possibly contributing to the compensatory hyperinsulinemia seen in Table 2 Physical activity and dietary energy intake, by BMI category and site (mean ± SD)
US
South Africa Ghana
Physical activity MVPA (1-min) 20.3 ± 20.4 11.6 ± 12.1 24.6 ± 16.6 19.4 ± 14.2 a 28.8 ± 17.5 19.6 ± 13.1 a MVPA (10-min) 9.7 ± 12.8 4.6 ± 7.9 11.4 ± 12.1 7.3 ± 7.6 13.0 ± 12.1 7.6 ± 8.1
Light PA (1- early insulin resistant states (Wang et al. 2013) . Previous research from our lab has shown that black SA women hypersecrete insulin to maintain normoglycemia (Goedecke et al. 2009 ), but with increasing age, insulin secretion in relation to insulin sensitivity decreases and the prevalence of impaired glucose tolerance and type 2 diabetes increases ).
We could also observe alterations in the BMI-related metabolite profile that could be directly linked to the populations' habitual diet. Lipid metabolites, which to a certain extent reflect the dietary fatty acid intake (Ma et al. 1995) , were associated with obesity, but the specific lipids differed by country. For example, within the SA cohort, BMI was negatively correlated with stearic acid (18:0), which is in direct contrast to many other studies that have shown a positive association between serum saturated fatty acids and obesity, insulin resistance and the metabolic syndrome (Kim et al. 2010; Vessby 2003) . However, research from our lab has shown that black SA women consume more polyunsaturated than saturated fats, and that this is accentuated by obesity (i.e. the polyunsaturated-tosaturated (PS) ratio increases), which was in direct contrast Subjects (plots below) are colored according to their BMI as described in the figure legend. US women revealed a clear BMI metabolite profile (a), which was mainly related to uric acid, amino acids, and lipids (plot b). South African women showed a robust metabolite profile related to BMI (plot c), where a high BMI was mainly related to alterations in amino acids and circulating sugars (plot d). Ghanaian women did not reveal a robust metabolite profile related to BMI (plot e). Among the circulating metabolites, only arachidonic acid was significant (plot e) to that reported in white women in whom the PS ratio decreased with obesity (Joffe et al. 2014) . Within the US, BMI was positively associated with palmitoleic acid (16:1) and gamma tocopherol, which is supported by previous studies (Kim et al. 2010; Vessby 2003; Guertin et al. 2014) . Palmitic acid (16:0) is desaturated by stearoyl-CoA desaturase (SCD1, D9 desaturase) to palmitoleic acid (16:1), and likely is a consequence of a high dietary intake of palmitic acid, in the US women, or alternatively, high activity of SCD1 reported in obese insulin-resistant individuals (Dobrzyn et al. 2010) . Gamma tocopherol, a major component of fried foods, has been inversely related to indices of healthy eating in two independent studies (Guertin et al. 2014; Bates et al. 2004) .
In Ghanaian women, only arachidonic acid (20:4 n -6) was positively associated with obesity. Arachidonic acid is metabolized via cyclooxygenase and lipoxygenase pathways into eicosanoids, which promote acute and chronic inflammation seen in numerous diseases including type 2 diabetes and cardiovascular disease (Mathias et al. 2014) and is synthesized from linoleic acid (18:2, n -6) by the action of desaturase and elongase enzymes. Studies in US have shown that African Americans are more likely to have the variant within the fatty acid desaturase (FADS) gene associated with increased arachidonic acid concentrations (Mathias et al. 2014) . Hence, even in the context of a relatively low fat diet, obesity in Ghanaian women was associated with increased arachidonic acid concentrations, likely reflecting increased endogenous production.
Another important finding from our study is the association between uric acid and obesity in the US women. Uric acid inhibits nitric oxide, promotes platelet aggregation and has pro-inflammatory effects, and accordingly has been associated with obesity, diabetes, hypertension, kidney and cardiovascular disease (Soltani et al. 2013) . Elevated serum uric acid levels predict future risk of diabetes (Osgood et al. 2013; Kodama et al. 2013) , as well as future elevations in blood pressure and cholesterol concentrations (Osgood et al. 2013) . Elevated uric acid concentrations have been linked to a diet rich in fructose (Nakagawa et al. 2006) . A marked increase in fructose intake in the US has occurred in the last 2 decades, primarily in the form of sucrose (50 % fructose) and high-fructose corn syrup (HFCS, 55 % fructose) (Bray et al. 2004) . Unlike glucose, hepatic metabolism of fructose favors de novo lipogenesis, contributing to obesity, hyperlipidaemia and hepatic steatosis (Khitan and Kim 2013) . In addition, fructose does not stimulate insulin and leptin secretion or suppress ghrelin, key afferent appetite signals, thereby facilitating a positive energy balance (Havel 2002) . Commensurate with increased carbohydrate flux in obesity, we found that obesity was associated with mannitol in the US and SA, and with glucose, glucosamine and glucoronic in SA.
There are a number of limitations to our study. We present cross-sectional data and therefore cannot infer a causal relationship between the biomarkers identified and obesity risk. We also did not have a measure of insulin resistance or type 2 diabetes. Nonetheless, identifying metabolites associated with obesity provides insight into potential predictors of obesity-associated metabolic diseases such as type 2 diabetes in these unique populations. We did not include the dietary intake data in the models, due to difficulties in gathering accurate dietary information. For example, when compared to energy expenditure measured using the doubly labeled water technique, we found significant under-reporting amongst all of our cohorts, most notably among the SA women (Orcholski et al. 2015) . In addition to reporting error, this may reflect issues relating to food insecurity, which is not as likely to be captured when dietary intake is assessed using 24-h recalls. Indeed, in the SA cohort, we found that 3-hydroxybutyrate, a ketone body, was associated with a lower BMI. Accordingly, we chose to only include objectively measured data to improve the robustness of the models.
Conclusion
We identified site-specific obesity-related metabolites in black women spanning the epidemiologic transition. These findings suggest that the ecological/environmental setting and consequently, lifestyle factors may influence the obesity-related metabolite profile. Future prospective, longitudinal studies are required to confirm these findings and to study if specific metabolite patterns predict obesity-associated metabolic disease, notably diabetes, in developed black populations.
